Background
==========

Colorectal cancer (CRC) is the second common tumor among females and the third among males, with an estimated 1 360 600 new cases and 693 900 related deaths in worldwide \[[@b1-medscimonit-24-4625]\]. Despite advances in surgery, chemotherapy, as well as the development of molecular targeted therapy \[[@b2-medscimonit-24-4625],[@b3-medscimonit-24-4625]\], the mortality of CRC is still increases \[[@b4-medscimonit-24-4625]\]. This is due to, at least partly, the lack of diagnostic markers for detection of CRC and inefficient treatment of advanced colorectal cancer.

In recent years, significant progresses have been achieved in studying the molecular mechanisms of CRC formation. Mutations in the Wnt signaling pathway were reported as the most frequent cause of CRCs, such as adenomatous polyposis coli (APC). Mutations in APC result in accumulation of β-catenin which subsequently activates transcription of proto-oncogenes \[[@b5-medscimonit-24-4625],[@b6-medscimonit-24-4625]\]. In addition, KRAS has been studied and shown to play important roles in the development of colorectal \[[@b7-medscimonit-24-4625]\]. Low-frequency mutations in KRAS exon 2 were established as potential mechanisms of drug resistance from patients who respond to anti-epidermal growth factor receptor therapies \[[@b8-medscimonit-24-4625]\]. Meanwhile, with the development of multiple molecular methods, more and more genes are being identified as being associated with this CRC. The genetic variations in interferon, specifically in interferon gamma, and interferon regulatory factors have been associated with the increased risk of developing CRC and decreased survival after diagnosis \[[@b9-medscimonit-24-4625]\]. Furthermore, upregulated expression of HspB5 was reported to have a positive association with TNM stages of CRC patients \[[@b10-medscimonit-24-4625]\]. A gene microarray analysis suggested 3 significant signaling pathways (PI3K, p38, and ERK) were involved in HspB5-induced EMT in CRC cells, and which could prompt tumor cell proliferation and invasion \[[@b10-medscimonit-24-4625]\].

Gene microarray and high-throughput sequence technology make it possible to analyze gene expression profiles during carcinogenesis and cancer progression. We can also identify new prognostic biomarkers based on genes expression profiles and clinical cases \[[@b11-medscimonit-24-4625]\]. In the present study, differential expression genes (DEGs) were analyzed by estimating gene functions and protein-protein interaction (PPI) networks. We then identified 5 genes signatures with significant prognostic value by using the large clinical data from TCGA. The identified CRC related genes can aid in the discovery of new therapeutic targets for this disease and the prognostic 5 key genes model could be utilized to predict prognosis of patients with CRC.

Material and Methods
====================

Data source
-----------

The independent gene datasets (GSE71187 \[[@b12-medscimonit-24-4625]\], GSE21815 \[[@b13-medscimonit-24-4625]\], and GSE21510 \[[@b14-medscimonit-24-4625]\]) with sample-sizes larger than 100 were extracted from the GEO database. RNA-seq datasets with the clinic information of CRC patients were downloaded from TCGA website. A total of 930 CRC tissues and 116 normal controls were analyzed to find DEGs. Validation datasets (GSE38832 \[[@b15-medscimonit-24-4625]\] and GSE17536 \[[@b16-medscimonit-24-4625]\], n \>100), which include survival information, were download from GEO.

Identification of DEGs
----------------------

The original datasets were converted into recognizable format in R, the limma package \[[@b17-medscimonit-24-4625]\] of R was used to normalize and identify DEGs from GEO datasets. The DEGs were selected out according to the criteria: \|log (foldchange)\|\>1.5 and *P*\<0.05. EdgeR package \[[@b18-medscimonit-24-4625],[@b19-medscimonit-24-4625]\] of R was performed for the RNA-seq count datasets to find DEGs. The threshold of FDR \<0.05 and \|log2 (foldchange)\| \> 1.5 were used to screen out DEGs.

Functional enrichment analysis
------------------------------

The online software Database for Annotation Visualization and Integration Discovery (DAVID, Version 6.8, *<http://david.abcc.ncifcrf.gov/>*) \[[@b20-medscimonit-24-4625]\] and KOBASS (version 3.0, *<http://kobas.cbi.pku.edu.cn/>*) \[[@b21-medscimonit-24-4625],[@b22-medscimonit-24-4625]\] were used for Gene Ontology (GO) enrichment (*P*\<0.01 was set as the threshold) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway functional enrichment (*P*\<0.05 was set as the threshold), respectively.

PPI network construction and analysis
-------------------------------------

Protein-protein interactions of DEGs were identified by using the Search Tool for the Retrieval of Interacting Genes (STRING, version 10.5, *<https://string-db.org/>*) \[[@b23-medscimonit-24-4625]\], a database which provides physical and functional association of protein. The DEG pairs interaction score \>0.4 was selected to construct network. Then the PPIs between DEGs were visualized and analyzed using Cytoscape software (version 3.4) \[[@b24-medscimonit-24-4625]\]. Furthermore, MCODE \[[@b25-medscimonit-24-4625]\] was used to identify the modules in the PPI network with the parameters degree cutoff ≥2 and k-core ≥2. Finally, The GO and KEGG pathway enrichment of DEGs in the top 2 modules were performed. *P*\<0.05 and counts \>2 were set as the threshold.

Cox proportional hazards model construction and model validation
----------------------------------------------------------------

Expression datasets of fragments per kilobases per million (FPKM) values were download from TCGA. After replacing the zero values with minimum nonzero value divided by 2 in each sample, the expression matrix was log2 transformed in R. Survival package \[[@b26-medscimonit-24-4625]\] of R was used to construct the Cox univariate regression, DEGs significantly related to survival (*P*\<0.05) were retained for further analyses.

Next, multivariable cox proportional hazards stepwise regression with backward selection was used to build a prognostic model. The prognostic risk score for predicting OS was calculated as: Risk score=∑β~i~×expGene~i~ (expGene: expression level of gene, β: the regression coefficient derived from the multivariate Cox regression model). Patients were divided into high-risk and low-risk groups by using the median risk score as the cutoff point. Then, proportional assumptions for Cox proportional hazard model were examined by Kaplan-Meier analysis. Receiver operating characteristic (ROC) was plotted and the area under curve (AUC) was calculated by using R package survival ROC \[[@b27-medscimonit-24-4625]\]. Distribution of risk score, survival status, and gene expression levels of each patient were also analyzed and plotted using the R software.

Lastly, 2 independent datasets, GSE38832 \[[@b15-medscimonit-24-4625]\] and GSE17536 \[[@b16-medscimonit-24-4625]\], were used to validate the model of survival by Kaplan-Meier analysis.

Results
=======

DEG analysis
------------

Compared with the normal samples, 360 DEGs from microarray datasets and 3278 DEGs from TCGA RNA-seq datasets were found in the CRC samples; 300 DEGs were found to be overlapped both in microarray and TCGA datasets ([Figure 1](#f1-medscimonit-24-4625){ref-type="fig"}). GO and KEGG pathway functional enrichment analyses were performed to reveal the functions and mechanisms of DEGs ([Figure 2](#f2-medscimonit-24-4625){ref-type="fig"}).

Construction and analysis of the PPI network
--------------------------------------------

A network containing a total of 162 DEGs and 256 nodes were identified ([Figure 3A](#f3-medscimonit-24-4625){ref-type="fig"}). Six modules were selected from the network by using MCODE and the top 2 were used for further analysis. Module 1 contained 2 upregulated DEGs (PPBP, CXCL11) and 6 downregulated DEGs (P2RY14, LPAR1, GNAI1, INSL5, NPY1R, CCL28, [Figure 3B](#f3-medscimonit-24-4625){ref-type="fig"}). Module 2 comprised 9 DEGs (9 upregulated genes), including TPX2, TRIP13, ECT2, ANLN, UBE2C, GINS1, DSCC1, RFC3, ATAD2 ([Figure 3C](#f3-medscimonit-24-4625){ref-type="fig"}). GO and KEGG pathway enrichment analysis revealed that differential expression genes in module 1 were significantly enriched in the pathway of gap junction (*P*\<0.001), pathways in cancer (*P*\<0.01), as well as the GO terms such as G-protein coupled receptor signaling pathway (*P*\<0.001) and cell chemotaxis (*P*\<0.05, [Figure 4A](#f4-medscimonit-24-4625){ref-type="fig"}). Moreover, differential expression genes in module 2 were significantly enriched for GO functions, including nucleoplasm (*P*\<0.001), positive regulation of DNA-directed DNA polymerase activity (*P*\<0.01) and ATP binding (*P*\<0.05, [Figure 4B](#f4-medscimonit-24-4625){ref-type="fig"}).

Identification of survival related DEGs
---------------------------------------

A total of 24 significant survival-related DEGs (*P*\<0.05) in the TCGA cohorts were identified. Multivariable Cox proportional hazards stepwise regression with backward selection was used to build a prognostic model. Five genes, MMP1, ACSL6, SMPD1, PPARGC1A, and HEPACAM2, which showed a significant *P*-value, were selected ([Table 1](#t1-medscimonit-24-4625){ref-type="table"}).

Construction Cox regression model and data validation
-----------------------------------------------------

A linear model was calculated with the risk score=(−0.1136× MMP1) + (−0.086×ACSL6) + (0.3534×SMPD1) + (−0.1809× PPARGC1A) + (−0.0647×HEPACAM2). Then, we calculated the risk score for each patient in the datasets. Patients were assigned into high-risk and low-risk groups by using the median risk score as the cutoff point. Kaplan-Meier risk curve revealed that patients in the high-risk group had a significantly shorter overall survival time than patients in the low-risk group ([Figure 5A](#f5-medscimonit-24-4625){ref-type="fig"}). ROC curve, which stood for the performance of the model, was plotted and the AUC of the risk score was up to 0.743 ([Figure 5B](#f5-medscimonit-24-4625){ref-type="fig"}). Furthermore, distribution of risk score, survival status, and genes expression level of each patient were also analyzed ([Figure 5C](#f5-medscimonit-24-4625){ref-type="fig"}).

For the verification of our survival model, 2 independent datasets, GSE38832 \[[@b15-medscimonit-24-4625]\] and GSE17536 \[[@b16-medscimonit-24-4625]\], were analyzed by Kaplan-Meier risk test ([Figure 6](#f6-medscimonit-24-4625){ref-type="fig"}). The 5 key genes model for prognosis were also considered effective on 2 independent datasets.

Discussion
==========

In recent decades, considerable efforts have been made to improve the clinical outcome of CRC patients \[[@b2-medscimonit-24-4625],[@b28-medscimonit-24-4625]\]. However, CRC is still the leading cause of cancer-related deaths around the world \[[@b29-medscimonit-24-4625]\]. Because of the heterogeneity of CRC, conventional prognostic systems of pathologic stages often show inefficient prediction for risk of CRC \[[@b30-medscimonit-24-4625]\]. Many studies have been done to find suitable targets to predict outcomes for CRC patients \[[@b31-medscimonit-24-4625],[@b32-medscimonit-24-4625]\]. However, reliable biomarkers and stable prognostic models for prediction prognosis in patients with CRC are still required.

In the present study, a total of 116 normal control tissue samples and 930 CRC tissue samples were retrieved from the GEO and TCGA. A total of 300 DEGs including 100 upregulated and 200 downregulated genes were identified. To demonstrate the molecular function of these abnormal DEGs, we performed GO and KEGG pathway analysis. DEGs were mainly enriched in the PI3K-AKT signaling pathway, PPAR signaling pathway, and WNT signaling pathway. In line with this, it would appear that an abnormal pathway would be a major cause of CRC \[[@b33-medscimonit-24-4625]--[@b35-medscimonit-24-4625]\]. In addition, DEGs were enriched in the GO terms of extracellular exosome, negative regulation of cell proliferation, and cell-cell adhesion. Strikingly, previous research has revealed the importance of these GO terms. Exosomes are now recognized as important mediators of cell-to-cell communication. Many studies have found exosomes to be important in tumor metastasis and tumor associated immunosuppressive \[[@b36-medscimonit-24-4625],[@b37-medscimonit-24-4625]\]. Meanwhile, abnormal negative regulation of cell proliferation includes mutations of MYC. This leads to the unregulated expression of many genes, some of which are involved in cell proliferation and result in the formation of cancer \[[@b38-medscimonit-24-4625]\]. Furthermore, abnormal cell adhesion has also been correlated with tumor invasion, metastasis, and poor prognosis of patients \[[@b39-medscimonit-24-4625]\].

Gene expression profiles provide a global view of gene expression and enable identification of critical genes in cancer. However, the occurrence of false discovery results still exists \[[@b40-medscimonit-24-4625]\]. To avoid false discovery and heterogeneity between different sequencing platforms, we combined 3 microarray datasets and RNA-seq datasets together. Finally, a gene co-expression network containing 162 DEGs were constructed and 2 modules were extracted from the network. Several DEGs in the modules are considered important in the development of CRC. C-X-C motif chemokine ligand 11 (CXCL11) is considered as a chemokine for interleukin-activated T cells. A previous study showed that blockading CXCL11 had an influence on tumor growth and angiogenesis in C57 mice \[[@b41-medscimonit-24-4625]\]. Meanwhile, microtubule nucleation factor (TPX2) is a spindle assembly factor required for normal assembly of mitotic spindles. TPX2 (20q11) promoted 20q amplicon-driven progression of colorectal adenoma to carcinoma \[[@b42-medscimonit-24-4625]\]. Moreover, lysophosphatidic acid receptor 1 (LPAR1) is a receptor for lysophosphatidic acid (LPA). LPA1 could enhance DLD1 cell migration, proliferation, adhesion, and secretion of angiogenic factors, all of which are crucial for cancer metastasis \[[@b43-medscimonit-24-4625]\]. Furthermore, ubiquitin-conjugating enzyme E2C (UBE2C) was reported to be associated with proliferative marker Ki-67, accumulation of cyclin A and a poor overall survival \[[@b44-medscimonit-24-4625]\].

However, most DEGs were only roughly associated with the CRC, and failed to correlate with prognosis, which plays an important role in the survival rate of patients. To evaluate the association between DEGs and clinical outcome in patients with CRC, Cox univariate regression was carried out on 300 DEGs, and as a result, 24 genes were selected. Then these genes were analyzed by using Cox proportional hazards stepwise regression. Finally, we screened a 5 genes model comprised of MMP1, ACSL6, SMPD1, PPARGC1A, and HEPACAM2. Kaplan-Meier risk survival analysis showed that distinctive separation was observed in survival curves between patient groups with high-risk and low-risk scores. ROC analysis achieved an AUC of 0.743 which demonstrated relatively high sensitivity and specificity of the 5 genes signature model. To test the stability of our model, 2 irrelevant datasets, GSE38832 \[[@b15-medscimonit-24-4625]\] and GSE17536 \[[@b16-medscimonit-24-4625]\], were downloaded from GEO for verification of repeatability of our 5 prognostic genes. The 5 key genes were both effective on 2 independent datasets.

Our analysis is likely to provide biological and therapeutic information. Matrix metalloproteinase-1 (MMP-1) functions as an enzyme in the breakdown of extracellular matrix and plays a role in cancer progress \[[@b45-medscimonit-24-4625]\]. It is the most studied gene of the 5, and is regarded as a biomarker for many cancers, including CRC and gastric cancer \[[@b45-medscimonit-24-4625],[@b46-medscimonit-24-4625]\]. Acyl-CoA synthetase long-chain family member 6 (ACSL6) is found in plasma membrane and displays a high activity with fatty acid \[[@b47-medscimonit-24-4625]\]. ACSL6 was found decreased in most forms of cancers, except CRC \[[@b48-medscimonit-24-4625]\]. Data analysis revealed that ACSL6 emerged as a potential tumor suppressor gene in leukemia \[[@b48-medscimonit-24-4625]\]. Sphingomyelin phosphodiesterase 1 (SMPD1) encodes lysosomal acid sphingomyelinase that converts sphingomyelin to ceramide. A previous study found that functional inhibition of acid sphingomyelinase led to tumor cell death by overactivation of hypoxia stress-response pathways \[[@b49-medscimonit-24-4625]\]. Peroxisome proliferator-activated receptor gamma coactivator 1-α (PPARGC1A or PGC1α) is a transcriptional coactivator able to upregulate mitochondrial biogenesis. PPARGC1A was found to protect against tumorigenesis by regulating the fate of enterocyte cell \[[@b50-medscimonit-24-4625]\]. HEPACAM family member 2 (HEPACAM2) encodes a protein related to the immunoglobulin superfamily that plays a role in mitosis. HEPACAM was reported downregulated in breast cancer and induced senescence-like growth arrest by elevating the expression levels of senescence-associated proteins p21, p27, and p53 \[[@b51-medscimonit-24-4625]\].

In summary, we have identified 300 DEGs by analyzing the datasets from GEO and TCGA. Further analysis revealed the function, mechanism, and protein-protein interaction networks of these DEGs. Moreover, 5 prognostic genes that were significantly associated with survival of CRC patients were identified in a large cohort by using Cox multivariate regression analysis. The identification of these DEGs as well as the prognostic genes for CRC will be beneficial for future research and clinical adjuvant therapies. However, larger sample size studies and future basic research are needed to confirm the significance of these DEGs and 5 prognostic genes.

Conclusions
===========

Our study identified critical genes and 5 prognostic biomarkers associated with colorectal cancer, which will be beneficial for future research and clinical therapies.

The result shown here were based on the analysis of datasets from TCGA (*<http://cancergenome.nih.gov/>*) and GEO (*<http://www.ncbi.nlm.nih.gov/geo/>*).
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![The results of the GO and pathway enrichment analyses of differentially expressed genes (DEGs). BP -- biological process; CC -- cellular component; MF -- molecular function; KEGG -- Kyoto Encyclopedia of Genes and Genomes; GO -- Gene Ontology.](medscimonit-24-4625-g002){#f2-medscimonit-24-4625}

![The protein-protein interaction (PPI) network and modules identified. (**A**) PPI network of upregulated differentially expressed genes (DEGs) (red) and downregulated DEGs (blue). (**B**) Module 1 and (**C**) module 2 identified in PPI.](medscimonit-24-4625-g003){#f3-medscimonit-24-4625}

![The result of GO and pathway enrichment analyses of module 1 and module2. \* BP -- biological process; CC -- cellular component; MF -- molecular function; KEGG -- Kyoto Encyclopedia of Genes and Genomes; GO -- Gene Ontology.](medscimonit-24-4625-g004){#f4-medscimonit-24-4625}

![Prognostic evaluation of the 5 genes signatures in colorectal cancer (CRC) patients. (**A**) Kaplan-Meier risk survival curve analysis for overall survival of CRC patients. (**B**) Receiver operating characteristic (ROC) curve analysis of 5 genes signatures. (**C**) The distribution of risk score, survival status, and gene expression level of patients.](medscimonit-24-4625-g005){#f5-medscimonit-24-4625}

![Kaplan-Meier risk survival analyses of 2 independent datasets. (**A**) GSE38832 with 122 samples. (**B**) GSE39582 with 585 samples.](medscimonit-24-4625-g006){#f6-medscimonit-24-4625}

###### 

Multivariate cox regression analysis of overall survival.

  Gene symbol   Coefficient   Hazard ratio (HR)   P value
  ------------- ------------- ------------------- ---------
  MMP1          −0.114        0.893               0.001
  ACSL6         −0.086        0.918               0.006
  SMPD1         0.353         1.424               0.001
  PPARGC1A      −0.181        0.835               0.001
  HEPACAM2      −0.065        0.937               0.017

[^1]: Study Design

[^2]: Data Collection

[^3]: Statistical Analysis

[^4]: Data Interpretation

[^5]: Manuscript Preparation

[^6]: Literature Search

[^7]: Funds Collection
